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Fixed muscle synergies and their potential
to improve the intuitive control of
myoelectric assistive technology for upper
extremities
Tim A. Valk* , Leonora J. Mouton, Egbert Otten and Raoul M. Bongers
Abstract
Background: Users of myoelectric controlled assistive technology (AT) for upper extremities experience difficulties
in controlling this technology in daily life, partly because the control is non-intuitive. Making the control of
myoelectric AT intuitive may resolve the experienced difficulties. The present paper was inspired by the suggestion
that intuitive control may be achieved if the control of myoelectric AT is based on neuromotor control principles. A
significant approach within neurocomputational motor control suggests that myosignals are produced via a limited
number of fixed muscle synergies. To effectively employ this approach in myoelectric AT, it is required that a limited
number of muscle synergies is systematically exploited, also when muscles are used differently as required in
controlling myoelectric AT. Therefore, the present study examined the systematic exploitation of muscle synergies when
muscles were used differently to complete point-to-point movements with and without a rod.
Methods: Healthy participants made multidirectional point-to-point movements with different end-effectors, i.e. with the
index finger and with rods of different lengths. Myosignals were collected from 22 muscles in the arm, trunk, and back,
and subsequently partitioned into muscle synergies per end-effector and for a pooled dataset including all end-effectors.
The exploitation of these muscle synergies was assessed by evaluating the similarity of structure and explanatory ability
of myosignals of per end-effector muscle synergies and the contribution of pooled muscle synergies across end-effectors.
Results: Per end-effector, 3–5 muscle synergies could explain 73.8–81.1% of myosignal variation, whereas 6–8 muscle
synergies from the pooled dataset also captured this amount of myosignal variation. Subsequent analyses
showed that gradually different muscle synergies—extracted from separate end-effectors—were exploited across
end-effectors. In line with this result, the order of contribution of muscle synergies extracted from the pooled dataset
gradually reversed across end-effectors.
Conclusion: A limited number of muscle synergies was systematically exploited in the examined set of movements,
indicating a potential for the fixed muscle synergy approach to improve the intuitive control of myoelectric AT. Given
the gradual change in muscle synergy exploitation across end-effectors, future research should examine whether this
potential can be extended to a larger range of movements and tasks.
Keywords: Assistive technology, Muscle synergies, Point-to-point movements, Upper extremity, Electromyography,
Intuitive control
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Background
Within current rehabilitation practice, a substantial focus is
on applying assistive technology (AT) to help patients with
neuromotor deficits regain functionality in their daily activ-
ities. Often, myosignals are used to control the AT, e.g. in
myoelectric prostheses [1–3], myo-powered electric wheel-
chairs [4–6], and movement supporting devices, such as
exoskeletons [7–9] and orthoses [10, 11]. Furthermore,
myosignals have been applied in other human-machine
interfaces which are relevant for the independence of pa-
tients with neuromotor deficits, such as in the control of a
personal computer [12] or the teleoperation of robotic arms
[13–16]. However, despite the technological advancement
in many devices, patients often still experience problems to
control myoelectric AT in daily life [17–21]. For instance,
movements with myoelectric AT are non-smooth and
require high levels of attention [18, 22]. One of the aspects
that could cause these problems is that the control of myo-
electric AT is non-intuitive, as muscles have a different
function during the control of actions with myoelectric AT
compared to the same action in the non-affected situ-
ation (cf. [23, 24]). For example, in hand prosthetics,
the action of closing and opening of the hand is con-
trolled with remaining parts of wrist or elbow flexors
and extensor muscles—depending on the level of am-
putation. This function is arguably different from the
original function of these muscles, i.e. flexing and ex-
tending the wrist or elbow, respectively. The present
paper was inspired by the suggestion that an intuitive
interface between user and device would aid the effect-
ive control of myoelectric AT (cf. [25–27]). Further-
more, the present paper was grounded on the idea that
this intuitive control can be achieved if the design of
myoelectric AT is based on knowledge of the neuromo-
tor control principles underlying the production of
myosignals (cf. [28–31]). Therefore, we explored the
extent to which the fixed muscle synergy approach
[32–37], a proposed control principle from the field of
neurocomputational motor control, could form a basis
to improve the intuitive control of myoelectric AT for
upper extremities.
The basics of the fixed muscle synergy approach are
that myosignals are produced by simultaneously activat-
ing a limited number of fixed muscle groups consisting
of functionally related muscles across multiple joints, i.e.
the muscle synergies. These fixed muscle synergies are
proposed to be interneuronal networks, which do not
change over time, and are organized at the level of the
spinal cord (cf. [32, 33, 35, 36]). Activation of one of
these networks leads to proportional activation of the
muscles within a synergy. In that way, fixed muscle
synergies serve as primitives, which—if conjointly acti-
vated in a time-varying way—can produce appropriate
myosignals moving the limb across different tasks and
conditions [32–37]. Over the last decade, findings of
muscle synergies in myosignals in a variety of human be-
haviors—such as reaching in three dimensions [38–44],
upper extremity visuomotor adaptation [45], force con-
trol [46], planar reaching [47–49], upper extremity
movements in virtual reality [50], walking [51–53], and
postural control [54–56]—have been offered as evidence
for the existence of fixed muscle synergies as used neu-
romotor control principle. The relevant question for the
present paper is whether the proposed principle of fixed
muscle synergies could aid in controlling myoelectric
AT in an intuitive way.
The successful improvement of the intuitive control of
myoelectric AT with fixed muscles synergies requires that
muscles are indeed organized into fixed synergies and that
these synergies are systematically exploited during the dif-
ferent use of muscles as required in the control of myoelec-
tric AT. The aim of the present study was to gain new
insights in the viability of the fixed muscle synergy ap-
proach for its application in upper extremity assistive de-
vices. Therefore, the present study assessed whether a
limited number of muscle synergies was systematically
exploited when the same task had to be produced while
muscles were used differently. In the present experiment,
able-bodied participants made multidirectional point-to-
point movements with end-effectors of different lengths—
i.e. their index finger and with a rod of varying length. Due
to the introduction of end-effectors of different lengths, the
same point-to-point movement with the tip of the
end-effector had to be produced while postural angles, and
thus the use of muscles, varied over a large range [57–59].
Explaining this behavior in terms of fixed muscle synergies,
the same set of fixed muscle synergies had to be activated
with different time-varying signals to produce the ap-
propriate myosignals moving the tip of the end-effector
both with and without the use of rods. The potential
finding that a limited number of muscle synergies is
systematically exploited to produce myosignals when
muscles are used differently across end-effectors would
encourage the use of the fixed muscle synergy approach
to improve the intuitive control of myoelectric AT for
upper extremities. Alternatively, the set of muscle syn-
ergies might substantially differ across end-effectors.
Such a finding would warrant further examination of
the idea of fixed muscle synergies as neuromotor
control principle underlying the production of myo-
signals and places limitations on its potential to im-




Eleven right-handed participants (mean age 23.9 ± 2.5
years, five males) took part in the experiment. Participants
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had no neuromotor deficits and all had normal or
corrected-to-normal sight. Participants received verbal
and written information about the procedures and signed
an informed consent before the start of the experiment.
Experimental set-up
In the experiment, participants made point-to-point
movements with the tip of their index finger or the tip
of a rod that was attached to the index finger. During
the point-to-point movements, eight peripheral targets
that were distributed equally around a center point
(Fig. 1) were tested. All targets had a diameter of 1 cm,
and the distance between the center point and targets
was 25 cm. The center point and targets were printed
on a piece of paper (A2 size, landscape orientation),
which was presented on a table in front of the partici-
pants. The rods used during the experiment were made
of aluminum; had a diameter of 0.5 cm; a length of 5,
15, or 25 cm; and a mass of 4, 12, or 20 g; respectively.
These rods were attached to an aluminum holder
(weight: 50 g) that was attached to the dorsal side of
the index finger. Furthermore, at the ventral side of the
index finger, a small aluminum plate was attached to
prevent movement of the interphalangeal joints while
allowing free motion of the metacarpophalangeal joint
(cf. [59]).
Five rigid bodies, triangular in shape, containing one
infrared light-emitting diode (LED) in each of the three
corners, were attached to the right side of the partici-
pants’ body, following Van Andel et al. [60]. The rigid
bodies were placed on the sternum, the flat part of the
acromion, laterally to the upper arm just below the in-
sertion of the deltoid, dorsally to the lower arm just
proximal to the ulnar and radial styloids, and to the
dorsal surface of the hand. The rigid bodies attached to
the sternum and the upper arm had a leg length of 6 cm;
the other three rigid bodies had a leg length of 4 cm.
Another set of three LEDs was attached to the
aluminum holder on the index finger. Positional data
for the eighteen LEDs was gathered with an Optotrak
3020 system (Northern Digital, Waterloo, Ontario,
Canada), using two synchronized units that sampled
at 100 Hz. To relate positions of the LEDs in space to
the anatomy of the participants and the movement of
the rods, nineteen bony landmarks of the participants
and the tips of the rods were digitized using a pointer
device [60].
Myosignals of 22 muscles (flexor carpi radialis [FCR];
flexor carpi ulnaris [FCU]; extensor carpi ulnaris [ECU];
extensor carpi radialis [ECR]; pronator teres [PRO];
brachioradialis [BRO]; brachialis [BRA]; long and short
head of the biceps brachii [BIL and BIS, respectively];
long, medial and lateral head of the triceps brachii [TRLo,
TRMe, and TRLa, respectively]; pectoralis major [PEC];
anterior, middle and posterior part of the deltoid [DEA,
DEM, and DEP, respectively]; superior, medial, and
inferior part of the trapezius [TRS, TRM, and TRI, re-
spectively]; infraspinatus [INF]; teres major [TER]; and
latissimus dorsi [LAT]) were recorded using surface
electromyography (EMG) as measured by two Porti
systems (TMSi, Enschede, the Netherlands), which were
synchronized with the Optotrak system. One Porti device
sampled in millivolts with no amplification at a frequency
of 2048Hz, whereas the other device sampled in milli-
volts with twenty times amplification at a frequency of
1600Hz. In the data analysis, raw data from both systems
were converted to signals in millivolts, with no amplifica-
tion. Before electrode attachment, hair was removed from
the attachment location if necessary, and the skin was
cleaned using denatured alcohol. After electrode place-
ment, the correctness of placement was determined by
having the participant perform a number of movements
in which the targeted muscle was involved [61], while
visually checking whether EMG activity matched expecta-
tions. Corrective placements were performed if necessary.
After positional LEDs and EMG electrodes were at-
tached, participants were gently strapped against the ex-
tended back of a chair, in such a way that trunk motion
during the point-to-point movements was prohibited
while the motion of the shoulder was free. Furthermore,
an elbow placer was positioned next to the participant
to standardize the participants’ position of the olecranon
Fig. 1 Experimental set-up, as seen from above
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at the start of each trial, which ensured a similar start
posture when the tip of the end-effector was held at the
center point.
Experimental procedure
Point-to-point movements were made from the center
point to one of eight peripheral targets (center-out move-
ment) and back from this peripheral target to the center
point (out-center movement). Before each trial, the experi-
menter indicated to the participant towards which target
had to be pointed. Subsequently, the experimenter gave a
start signal, after which participants reached as quickly
and accurately as possible from their start point to the se-
lected target. After each center-out trial, the next move-
ment to be made was its out-center counterpart back to
the center point. Note that the instruction was to move as
quickly as possible but that the response time was not em-
phasized. After each movement, participants were re-
quired to hold the tip of the end-effector at the terminal
position for a maximum of 1 s.
Design
In the present study, the participants performed 320 tri-
als. Each couple of center-out and out-center move-
ments involving one of the eight peripheral targets was
repeated five times in a random order as a block for
each of the four end-effectors (index finger and the three
rods). These blocks were also presented in random
order. After these 320 trials, participants performed
another 240 trials. These trials were not used in the
present study.
Data analysis
End-effector and joint-angle kinematics
Using rigid body transformations, the movement trajec-
tory of the tip of the end-effector was computed from
the Optotrak LEDs at the aluminum holder. Using this
movement trajectory of the end-effector tip, the start of
each movement in a trial was determined as the last frame
in the data before the tangential velocity—computed as
the square root of summed squares of derivatives of the
3D positional data—of the end-effector tip went above a
speed of 25mm/s. In a similar way, the end of each
movement in a trial was determined as the first frame in
the data after the tangential velocity of the end-effector tip
dropped below a speed of 25mm/s, with the additional
requirement that the tip of the end-effector had to be
within a radius of 10mm around its final position. The
time between start and end of the movement was defined
as movement time. To determine the accuracy at the
target, the absolute error, defined as the absolute differ-
ence between the position of the tip of the end-effector
and the center of the target at movement termination,
was computed.
To describe the executed movements in terms of
joint-angles, three joint-angles that contributed most to
the movement (cf. [59])—i.e. shoulder plane of eleva-
tion, shoulder inward-outward rotation, and elbow
flexion-extension—were computed using ISB guidelines
for the upper extremity [62]. These joint-angles were
derived from segment orientations using the digitized
bony landmarks and the Optotrak LEDs attached to the
rigid bodies. Joint-angle trajectories were normalized
over time.
EMG processing and muscle synergy extraction
The raw EMG signals for each trial were band-pass fil-
tered based on SEMIAN guidelines (4th order Butter-
worth filter, 20–500 Hz), rectified, and low-pass filtered
(4th order Butterworth filter, 10 Hz) to determine the
linear envelope of the EMG signal. Before performing
further analyses, all EMG signals were checked for arti-
facts, and divergent signals—e.g. signals with extremely
high amplitudes—were removed from the analysis. For
the approved linear envelopes, a linear ramp—deter-
mined by calculating a line from the average activation
from trial onset until 200 ms before movement onset to
the average activation from 200ms after movement ter-
mination until trial termination—was subtracted from
these signals to exclude muscle activity due to posture
and work against gravity (cf. [38]). Subsequently, the
portion of the EMG linear envelope from 200ms before
movement onset to 200 ms after movement termination
was selected for further analysis. This portion of the sig-
nal was resampled to 100 data points using a cubic
spline, and per muscle, the EMG signals were normal-
ized in amplitude to the highest value that that muscle
exerted in the whole experiment. Last, these normalized
signals were averaged across trials from every movement
direction (center-out or out-center) and target combin-
ation within every end-effector.
In the fixed muscle synergy approach, it is assumed
that a set of S myosignals, in this study 22, over time T
can be obtained by combining a limited number of N
muscle synergies W, representing the proportional acti-
vation level of each muscle in the synergy (in an S times
N matrix), with a time-varying activation signals C (in
an N times T matrix), according to the following
equation:
M ¼ W  C þ e ð1Þ
in which e represents the error between the observed
myosignals M and the modeled myosignals W*C.
A non-negative matrix factorization algorithm [63]
was used to extract the muscle synergies W and time-
varying activation signals C from the observed myo-
signals in matrix M. Per participant, this matrix M was
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composed five times: four times separately for every
end-effector including all processed and averaged myo-
signals from every movement direction and target com-
bination within that end-effector, and one time as a
pooled dataset including all processed and averaged
myosignals from all end-effectors.
For the extraction of muscle synergies from the myo-
signals of every separate end-effector, the algorithm was
executed 25 times for a range of 1–8 possible number of
muscle synergies N (cf. [38]) (Fig. 2a). To increase the
possibility of finding a global minimum error between
observation and model, different initial matrices W and
C were taken for every iteration. For every possible
number of muscle synergies N, the set of muscle syner-
gies extracted from these 25 iterations with the highest
explained variance (R2) of the observed myosignals M
was retained. This R2 was computed as follows:
R2 ¼ 1− SSE
SST
: ð2Þ
In this eq. 2, SSE is the sum of squared errors of the
data reconstructed by the muscle synergies, and SST is
the sum of squared residuals of the data with respect to
the mean of the different rows of the matrix M.
Subsequently, for every end-effector, the to-be-found
number of muscle synergies N* within an end-effector
was selected based on the following rationale [38], (cf.
[64]). If N* is the to-be-found number of muscle syner-
gies, it is expected that a change in the slope of the R2
versus N curve from curved to straight appears at the
number of N =N* muscle synergy combinations. This
change is expected because the additional muscle syner-
gies will only represent variation which is attributable to
noise, and hence will explain similar portions of data
variation. To objectively find this spot in the curve, a lin-
ear regression procedure was used to examine for which
N the R2 versus N curve was essentially straight [64].
This spot was found by fitting straight lines through de-
creasing portions of the R2 versus N curve, removing the
smallest N of the portion of curve per iteration (Fig. 2b).
The first N for which the mean square residual error of
regression line N to Nmax with the R2 curve was < 10− 4
(cf. [38]) was selected as the number of muscle synergies
in that specific end-effector.
Also for the pooled dataset containing the myo-
signals from all end-effectors, the non-negative matrix
factorization algorithm was run 25 times, but now for
a range of 1-NPooledMax possible total number of
muscle synergies. In this, NPooledMax is the sum of the
number of muscle synergies as estimated in the
end-effectors separately. From these NPooledMax differ-
ent total muscle synergies sets, the total muscle
synergy set for the pooled matrix was determined as
the minimal number of muscle synergies that could
equally well describe the myosignals from every
end-effector as the muscle synergies separately ex-
tracted from these end-effectors could.
Assessment of the exploitation of muscle synergies
Three strategies were used to assess the exploitation of
muscle synergies across end-effectors. First, the similar-
ity of the structure of individual muscle synergies across
end-effectors was assessed by i) visually perusing the
muscle synergies ii) determining the normalized dot
A B
Fig. 2 Graphical representation of muscle synergy extraction process. a Processed myosignals of 22 muscles (M1 to M22 in the figure) were factorized
into muscle synergies with a non-negative matrix factorization algorithm, for a range of 1–8 possible number of muscle synergies N. For each N in this
range, the amount of variance in myosignals that these N muscle synergies could explain (R2) was determined using eq. 2. b Explained
variances R2 and possible number of muscle synergies N plotted in an R2 versus N curve (blue curve in the figure). By repeatedly fitting
straight lines through decreasing portions of the R2 versus N curve (grey dotted lines in the figure), it was determined which portion of
the curve was essentially straight (red dotted line represents fitted line through this essentially straight part of the curve). The starting point of this essentially
straight portion of the curve was established as the to-be-found number of muscle synergies N* (in the present example 4)
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product (NDP) of two muscle synergies stemming from
two different end-effectors, and iii) examining whether
clusters of similar muscle synergies exploited across all
end-effectors could be formed. Second, the explanatory
ability of muscle synergies across end-effectors was
assessed by i) determining, via the cosine of principal
angles (CPA), whether two total muscle synergy sets
extracted from two separate end-effectors could span
the same subspace in the myosignal space, and ii) exam-
ining whether myosignals from one end-effector could
be reconstructed with the total muscle synergy set from
another end-effector. Third, the contribution of muscle
synergies as extracted from the pooled dataset was
evaluated across end-effectors.
Comparison of the structure of individual muscle
synergies extracted from separate end-effectors To
obtain a first impression of the similarity of structure of
individual muscle synergies across end-effectors, the
proportional activation levels between muscles within in-
dividual muscle synergies were visually compared across
these end-effectors. After this visual comparison, the
similarity in structure of individual muscle synergies
across end-effectors was determined mathematically
with the NDP—calculated as the fraction of the scalar
product of two muscle synergies and the product of their
norms [48, 64–66]. This calculation was done in an
end-effector-pair-wise way, in which all individual
muscle synergies from one end-effector were compared
with all individual muscle synergies from another
end-effector on basis of their structure. From these
comparisons, best matching muscle synergies, as indi-
cated by their NDP, were paired, and the NDPs belong-
ing to these matched muscle synergies were ranked in a
descending order. This NDP analysis showed in which
couple of paired muscle synergies similarity dropped
below threshold—in the present study 0.9, (cf. [48, 64,
65])—which is indicative for the number of individual
muscle synergies that showed similarity in their struc-
ture between two end-effectors.
To assess across which end-effectors a certain muscle
synergy was exploited, individual muscle synergies that
had a similar structure across end-effectors were clus-
tered into groups using k-means clustering [67–69].
Over different iterations, k groups of clustered muscle
synergies were formed—in which for each iteration, k
increased by 1. This iterative process was repeated until
all clusters contained only muscle synergies that had a
similar structure. This similarity was assessed by com-
paring all muscle synergies within a cluster in a pair-
wise manner using the NDP. The clustering process
was ended if all clusters of muscle synergies exhibited a
mean NDP—as averaged across the NDPs of all pos-
sible pairs within a cluster—that was larger than 0.9.
From the characteristics of these clusters—i.e. the
number and origin of the muscle synergies per cluster—
we could deduce which muscle synergies were exploited
across end-effectors.
Comparison of the explanatory ability of total muscle
synergy sets extracted from separate end-effectors In
principle, it is mathematically possible that two total
muscle synergy sets that differ in structure can explain
the same assemblage of myosignals, and thus span the
same subspace in myosignal space. In other words, it is
possible that for the same subspace in myosignal space
two total muscle synergy sets which differ in structure
are extracted. Thus, even if the myosignals as observed
in two end-effectors belong to the same subspace, it is
possible that muscle synergies with different structures
are extracted for these two end-effectors. In that case,
the dissimilarity in the structure of individual muscle
synergies, as assessed with the analyses presented above,
stems from other factors, e.g. computational chance or
noise, than a behavioral phenomenon. Therefore, we
controlled for this possibility by assessing whether total
muscle synergy sets—as extracted from the different
end-effectors—had the same explanatory ability, i.e.
could explain the same assemblage of myosignals. As a
first assessment, we compared the similarity of two
subspaces spanned by two total muscle synergy sets—as
extracted from two end-effectors—by calculating the
CPA between the dimensions of these two subspaces
[48], ([70] p. 603–604). Similar to the comparison of
NDPs, the comparison of subspaces was done in an
end-effector-pair-wise manner, in which CPAs had to
exceed the threshold of 0.9 [48, 64, 65] to be classified
as similar. As with the NDP, the calculated CPAs were
ranked in a descending order, such that this CPA analysis
showed for which dimension the CPA dropped below
threshold, indicative for the number of dimensions that
were shared across end-effectors.
The second assessment of the explanatory ability of
total muscle synergy sets examined whether the total
muscle synergy set from one end-effector could explain
myosignals from another end-effector [47, 48]. The myo-
signals from every end-effector were reconstructed with
the total muscle synergy set from another end-effector
using a linear least squares method with a non-negativity
constraint. This method determined the time-varying ac-
tivation coefficients C with respect to this total muscle
synergy set W. The quality of reconstruction was deter-
mined by computing the R2 of this reconstruction,
computed using eq. 2 presented above. Per reconstruc-
tion, the algorithm was run 25 times, with different ini-
tial coefficients for C, and the solution with the highest
R2 was retained for analysis.
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Evaluation of the contribution of muscle synergies
extracted from the pooled dataset Last, the contribu-
tion to the explanation of myosignals across end-
effectors of the muscle synergies as extracted from the
pooled dataset was examined. The contribution for each
of these muscle synergies was determined by assessing
the change in explained variance of the reconstruction
of the myosignals of every end-effector when a muscle
synergy was removed from the total set extracted from
the pooled dataset. The reconstruction of myosignals
with this total set minus one muscle synergy was deter-
mined using the same linear least squares method with a
non-negativity constraint as presented above. As with
other factorization procedures presented above, the algo-
rithm was run 25 times, and the solution with the high-
est R2 was retained to compute the change in R2 with
respect to the R2 of the total muscle synergy set. This
procedure was repeated for every muscle synergy in the
total set. Based on the change in explained variance,
muscle synergies were ordered from most to least con-
tributing for every end-effector.
Statistical analysis
Potential differences in the number of muscle synergies
across end-effectors were examined using the Friedman’s
test. Bootstrap statistics, with a resampling of 10,000
times, were used to determine the 95% confidence interval
around the sample means for NDP and CPA values across
participants. These confidence intervals were used to
check whether NDP and CPA sample means statistically
differed from the selected threshold of 0.9, indicated by
the whole confidence interval laying below threshold. To
check for differences in R2 of myosignals reconstructed
with a set of muscle synergies extracted from different
end-effectors, one-way repeated measure ANOVAs, with
end-effector (index finger, 5 cm, 15 cm, and 25 cm) as a
within-subject factor, were used. Before entering the
ANOVA, variables were checked both visually and with
the Shiparo-Wilk test on their normality. No deviations
from normality were found. If within these ANOVAs the
assumption of sphericity was violated, the Greenhouse-
Geisser correction was used. Furthermore, significant ef-
fects within these ANOVAs were further examined using
post-hoc Bonferroni corrected pair-wise t-tests. ANOVA
effects were interpreted with the generalized eta-squared
(η2G) [71, 72], which was interpreted with 0.02 as a small
effect, an effect size of 0.13 as a medium effect, and an ef-
fect size of 0.26 as a large effect [72], ([73] p. 413–414).
Last, per participant, as well as for all participants
together, obtained orders of muscle synergy contribution—
for the muscle synergies extracted from the pooled
dataset—were compared on their similarity in an
end-effector-pair-wise way based on Kendall’s tau coeffi-
cient. Kendall’s tau coefficients were tested for significant
deviation from zero. For all statistical analyses, an alpha
level of 0.05 was taken as a threshold for statistical signifi-
cance. All statistical analyses were performed using SPSS
version 22 and Matlab version R2016a.
Results
Note on included participant data
Due to technical issues regarding the acquisition of bony
landmarks of two participants (1 and 4)—needed for a
positional description of their arm movements—we
could not determine the joint-angle trajectories of these
two participants. Fortunately, for these participants, the
digitization of the various end-effector tips was success-
ful. Therefore, also for these two participants, we could
gather the movement trajectory of the tip of the end-ef-
fector using rigid body transformations, which was vital
for the selection of the part of the recorded myosignals
that was taken for further analyses. Thus, the results on
joint-angle kinematics are based on data of only nine out
of eleven participants; the rest of the results are based
on data of all eleven participants.
End-effector and joint-angle kinematics
Participants completed the task with a high accuracy in
every point-to-point movement (average error of 6.6 ±
3.6 mm), and with an average movement time of 0.65 ±
0.16 s (IF: 0.59 ± 0.14 s; 5 cm rod: 0.63 ± 0.17 s; 15 cm rod
0.66 ± 0.16 s; 25 cm rod 0.73 ± 0.16 s). Examination of
average movement times per participant showed that the
tendency of longer lasting movements with longer
end-effectors was present in all participants (Table 1).
Trajectories of the tip of the end-effector were slightly
curved (see for representative example Fig. 3a), exhibited
bell-shaped velocity profiles (Fig. 3b), and showed small
differences for the different end-effectors. Furthermore,
movements in the three examined joint-angles were
smooth, and, not unexpected, the joint-angle trajectories
depended on the direction in which the movement was
produced (Fig. 4). Also, joint-angle trajectories differed
when different end-effectors (i.e. index finger or rod)
were used to produce the point-to-point movements
(Fig. 4), yet the shape of joint-angle trajectory was, most
of the times, similar across end-effectors. For instance,
in point-to-point movements towards target 5, partici-
pants always used a similar shape of the extension tra-
jectory in the elbow to reach the target (Fig. 4, third
row, first column panel). Such similarities could also be
found in other joint-angle and target combinations.
Myosignals and extracted muscle synergies
In about 1% of the signals, myosignals showed divergent
patterns, probably due to the partial detachment of the
electrode from the skin. These myosignals were removed
from the analysis. For the remaining and approved
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myosignals, for each end-effector and for each participant,
3–5 muscle synergies—an example can be seen in Fig. 5—
were able to explain 73.8–81.1% of data variance (index fin-
ger: 76.1 ± 4.1%; 5 cm rod: 76.6 ± 4.7%; 15 cm rod: 73.8 ±
5.2%; 25 cm rod: 81.1 ± 5.4%; as averaged across partici-
pants, also see Table 2). Importantly, across all participants,
6–8 muscle synergies extracted from the pooled dataset in-
cluding myosignals from all end-effectors could equally
well explain the observed myosignals per end-effector
as the muscle synergies extracted separately from the
myosignals of these end-effectors could. The values in
explained variances showed that for every end-effector,
it was possible to reconstruct a considerable part of the
observed myosignals with a limited number of muscle
synergies (Fig. 6). Importantly, different myosignals
were used when point-to-point movements were made
with different end-effectors (Fig. 6). For instance, for a
representative participant, the activity of the long part
of the biceps brachii, medial part of the triceps, and an-
terior part of the deltoid declined, whereas the activity
of the extensor carpi radialis slightly increased if longer
rods were used (Fig. 6).
Assessment of the exploitation of muscle synergies
Comparison of the structure of individual muscle synergies
extracted from separate end-effectors
Visual inspection of the similarity of structure of individ-
ual muscle synergies led to a first indication of a partial
Table 1 Average (± standard deviation) movement times (s) per participant, as averaged across all movements within an end-effector and
across all movements in the whole experiment
Participant Index finger 5 cm rod 15 cm rod 25 cm rod Experiment
1 0.64 ± 0.13 0.65 ± 0.13 0.68 ± 0.12 0.75 ± 0.16 0.68 ± 0.14
2 0.80 ± 0.15 0.88 ± 0.17 0.81 ± 0.16 0.87 ± 0.15 0.84 ± 0.16
3 0.55 ± 0.10 0.60 ± 0.10 0.62 ± 0.13 0.73 ± 0.15 0.62 ± 0.14
4 0.49 ± 0.10 0.54 ± 0.10 0.64 ± 0.10 0.65 ± 0.13 0.58 ± 0.13
5 0.52 ± 0.08 0.54 ± 0.08 0.55 ± 0.10 0.70 ± 0.13 0.58 ± 0.12
6 0.63 ± 0.11 0.72 ± 0.14 0.77 ± 0.16 0.81 ± 0.16 0.73 ± 0.16
7 0.55 ± 0.10 0.60 ± 0.10 0.60 ± 0.09 0.66 ± 0.14 0.60 ± 0.12
8 0.69 ± 0.12 0.70 ± 0.12 0.76 ± 0.14 0.85 ± 0.15 0.75 ± 0.15
9 0.38 ± 0.07 0.38 ± 0.07 0.40 ± 0.09 0.51 ± 0.11 0.42 ± 0.10
10 0.74 ± 0.10 0.87 ± 0.16 0.89 ± 0.14 0.95 ± 0.16 0.86 ± 0.16
11 0.44 ± 0.08 0.46 ± 0.08 0.54 ± 0.11 0.54 ± 0.09 0.50 ± 0.10
A B
Fig. 3 End-effector kinematics of performed point-to-point movements with different end-effectors. a Example of end-effector trajectories of one
representative participant towards (solid lines) and from (dashed lines) the different targets for the different end-effectors. b End-effector velocity
profiles for every participant, as averaged across all trials for every target and movement direction combination for every end-effector (indicated
by the different colors, for legend see Fig. 3a). Black line denotes average velocity profile across all participants, all end-effectors, and all target
and movement direction combinations
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Fig. 4 Joint-angle trajectories for a selection of point-to-point movements as performed in the experiment. Each panel represents the mean joint-
angle trajectories as averaged across participants, as performed in point-to-point movements with the different end-effectors towards and from a
selection of the different targets that occurred in the experiment. Dashed lines represent the standard deviation, dotted lines the standard error
of the mean
Fig. 5 Example of an extracted set of muscle synergies for every end-effector, for one representative participant. The height of the bar indicates
the proportional activation levels of a certain muscle in the synergy. Before being depicted, muscle synergies were matched across end-effectors
based on their NDP
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dissimilarity in muscle synergy structure across end-
effectors. This indication was guided by the observation
that the proportional activation levels between muscles
within part of the individual muscle synergies (as indi-
cated by the height of the bars in Fig. 5) were unequal
across end-effectors. For instance, for the muscle syn-
ergies of a representative participant (Fig. 5), the con-
tribution of shoulder and back muscles in muscle
synergy 3 and wrist muscles in muscle synergy 4
varied across end-effectors. Notably, the structures of
muscle synergies 1 and 2 of this particular participant
were much more similar across end-effectors (Fig. 5).
The NDP analysis performed on muscle synergy pairs
between two end-effectors confirmed the visual observa-
tion. This analysis showed that for every end-effector at
least one muscle synergy differed in structure with the
muscle synergies from another end-effector (as indicated
by the 95% confidence interval, Fig. 7). Interestingly, the
number of dissimilar muscle synergies between end-
effectors gradually became larger as the absolute differ-
ence in length between these end-effectors was larger
(Fig. 7). For instance, the total muscle synergy set
extracted from the index finger exhibited two muscle
synergies which structure was significantly dissimilar
from the muscle synergies from the 5 cm rod and three
muscle synergies which structure was significantly
dissimilar from the muscle synergies from the 15 cm and
25 cm rods (Fig. 7). Notably, every end-effector-pair-wise
comparison of muscle synergies also revealed muscle
synergies that had a similar structure across end-
effectors, indicating that these muscle synergies were
exploited in movements with both end-effectors.
The clustering of muscle synergies with a similar
structure across all end-effectors showed that only half
of the participants exhibited one or two muscle syner-
gies that were exploited in every end-effector (Fig. 8;
highlighted blocks indicate clusters with muscle syner-
gies exploited across all end-effectors). Furthermore,
for all participants, the majority of the clusters repre-
sented muscle synergies that were exploited in one
Table 2 Number of extracted muscle synergies with the amount
of explained variance for each participant and end-effector
Participant Index Finger 5 cm rod 15 cm rod 25 cm rod
1 3 / 80.7% 3 / 83.7% 4 / 81.6% 4 / 85.9%
2 4 / 80.5% 4 / 77.7% 3 / 73.2% 3 / 85.8%
3 4 / 75.2% 4 / 70.5% 3 / 69.5% 3 / 81.3%
4 4 / 76.6% 5 / 79.5% 5 / 79.5% 4 / 79.1%
5 4 / 76.9% 5 / 80.9% 4 / 75.0% 4 / 82.0%
6 4 / 78.1% 4 / 81.7% 4 / 73.3% 4 / 86.5%
7 4 / 72.0% 4 / 68.8% 4 / 67.1% 3 / 73.9%
8 3 / 66.4% 4 / 72.6% 4 / 68.0% 4 / 74.4%
9 4 / 77.1% 4 / 76.1% 4 / 75.4% 4 / 84.7%
10 4 / 78.4% 4 / 75.5% 4 / 68.4% 4 / 73.5%
11 4 / 74.9% 4 / 76.1% 4 / 80.6% 4 / 84.8%
No significant differences in number of muscle synergies across conditions (χ2
(3) = 4.20, p > 0.05)
Fig. 6 Example of reconstruction of myosignals of one representative participant. Myosignals depicted were measured from a center-out movement
towards target 1. Grey areas represent the processed EMGs and colored lines the reconstruction by muscle synergy combinations
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Fig. 7 NDPs of the end-effector-pair-wise comparison of individual muscle synergies. NDPs were averaged across participants (means indicated by the
black circles) and ranked from the best matching muscle synergies (S) to the least matching muscle synergies between two end-effectors. Each panel
presents the results of the comparison of individual muscle synergies between two end-effectors. Vertical bars represent the 95% confidence interval
determined with bootstrap statistics, whereas colored dots represent data of individual participants. Asterisks indicate mean NDPs that are significantly
different from threshold (horizontal dashed line, significance determined with the 95% confidence interval)
Fig. 8 Distribution of the muscle synergies from the different end-effectors into the different clusters. Every panel presents the results of the clustering
process for each individual participant. Before being depicted in the figure, clusters were ranked based on their size. Different colors indicate the size
of the clusters: blue for one muscle synergy, red for two muscle synergies, green for three muscle synergies, and purple for four muscle
synergies. Clusters with four members, i.e. indicating muscle synergies exploited across all end-effectors, are highlighted
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end-effector or two end-effectors only. In addition, 7–
12 clusters were needed to cluster all unique muscle
synergies as observed in each participant (Fig. 8). This
number of clusters was larger than the number of
muscle synergies extracted from each end-effector
(range 3–5), but smaller than the sum of number of
muscle synergies across end-effectors (range 14–18),
further confirming the partial dissimilarity in individual
muscle synergy structure across all end-effectors.
Comparison of the explanatory ability of total muscle
synergy sets extracted from separate end-effectors
The comparison of subspaces spanned by the total muscle
synergy sets from every end-effector showed that every
subspace presented dimensions that were end-effector-
specific (Fig. 9). Notably, every total muscle synergy set
also shared dimensions of their subspace with the sub-
space from the total muscle synergy set from another
end-effector (Fig. 9). Together, the comparison of sub-
spaces showed that the total muscle synergy sets from the
different end-effectors explained partially different sub-
spaces in myosignal space. Interestingly, the total muscle
synergy sets from the different end-effectors gradually
spanned more distinct subspaces as the absolute dif-
ference in length of between end-effectors was larger
(Fig. 9). For example, the total muscle synergy set ex-
tracted from the index finger shared a common 3D,
2D, and 1D subspace with the total muscle synergy
set extracted from the 5 cm, 15 cm, and 25 cm rod,
respectively (Fig. 9).
The reconstruction of myosignals from one end-ef-
fector with the total muscle synergy set from another
end-effector showed that the part of myosignal variance
that a total muscle synergy set could explain decreased if
this set had to explain myosignals from another
end-effector as from which it was extracted (Fig. 10 [IF
panel: F(3;30) = 126.21, p < 0.001, η2G = 0.93; 5 cm rod
panel: F(1.15;11.52) = 35.42, p < 0.001, η2G = 0.78; 15 cm
rod panel: F(1.25;12.49) = 16.88, p < 0.001, η2G = 0.63; 25
cm rod panel: F(1.20;12.01) = 60.87, p < 0.001, η2G =
0.86]). Per panel presented in Fig. 10, these ANOVA ef-
fects were further examined using pair-wise post-hoc
t-tests, in which the portion variance of myosignals ex-
plained by ‘own’ total muscle synergy sets—e.g. index
finger myosignals explained with index finger muscle
synergies—was compared with the portion variance of
myosignals explained with ‘other’ total muscle synergy
sets—e.g. index finger myosignals explained with 5 cm
rod muscle synergies. All except one (i.e. the explanation
of 15 cm rod myosignals with 25 cm rod muscle syner-
gies, p = 0.062) of these comparisons showed that the
portion variance of myosignals as explained with other
total muscle synergy sets was significantly lower as
compared to the portion variance of myosignals ex-
plained with the own total muscle synergy set. Interest-
ingly, and in line with the results presented above, this
decreased ability to explain myosignals from other
Fig. 9 CPAs of the end-effector-pair-wise comparison of total muscle synergy sets. CPAs were averaged across participants (means indicated by
the black circles) and ranked from the best matching dimensions (D) to the least matching dimensions between two end-effectors. Each panel
presents the results of the comparison of subspaces spanned by the total muscle synergy sets of two end-effectors. Vertical bars represent the
95% confidence interval determined with bootstrap statistics, whereas colored dots represent data of individual participants. Asterisks indicate
mean CPAs that are significantly different from threshold (horizontal dashed line, significance determined with the 95% confidence interval)
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end-effectors was larger if the absolute difference in the
length of the end-effectors from the extracted muscle
synergies and to-be-explained myosignals was larger
(Fig. 10).
Evaluation of the contribution of muscle synergies extracted
from the pooled dataset
Last, across end-effectors, different orders of contribu-
tion to the explanation of myosignals were found for the
muscle synergies as extracted from the pooled dataset
(Fig. 11). For instance, for participant 1, muscle synergy
2 contributed least to explanation of myosignals ob-
served in index finger and 5 cm rod movements but con-
tributed most to the explanation of myosignals observed
in 25 cm rod movements (Fig. 11). Similar effects were
observed in other participants and for other muscle syn-
ergies (Fig. 11). The comparison of orders between
end-effectors showed that the difference between the
order of muscle synergy contribution gradually became
larger as the absolute difference in length between two
end-effectors was larger (Fig. 12). For instance, in the left
panel of Fig. 12, the order of muscle synergy contribu-
tion was similar between the index finger and 5 cm rod
condition (positive correlation), whereas the order of
muscle synergy contribution gradually changed to a
reversed order between the index finger and 25 cm rod
condition (negative correlation). Similar directions of
effect—i.e. larger differences between orders of muscle
synergy contribution as absolute differences in end-effector
lengths were larger—were also found in the other panels,
indicating the reversal in the contribution of muscle syner-
gies extracted from the pooled dataset across end-effectors.
Discussion
The successful improvement of the intuitive control of
myoelectric AT for upper extremities with the fixed
muscle synergy approach requires that a limited number
of muscle synergies is systematically exploited when
muscles are used differently to perform a certain task, as
in myoelectric AT. To assess whether this requirement
is met, the present study examined the systematic ex-
ploitation of muscle synergies when multidirectional
point-to-point movements had to be performed with
end-effectors of different lengths. Results showed that
3–5 muscle synergies could explain a substantial part of
the myosignals within every end-effector. Furthermore,
the same part of myosignals could be explained with
6–8 muscle synergies extracted from a pooled dataset
including all myosignals across end-effectors. These
results showed that the requirement that a limited
number of muscle synergies was systematically exploited
to account for myosignals when muscles were used
differently during the performance of the same task—i.e.
using end-effectors of different lengths—was met. Hence,
these results indicated that there is a potential for the
fixed muscle synergy approach to improve the intuitive
control of myoelectric AT for upper extremities for the set
of movements within the specific task as examined in the
present study.
In line with previous studies examining the presence of
muscle synergies in upper extremity myosignals [38–50],
Fig. 10 Explained variance of myosignals from the different end-effectors with the various total muscle synergy sets. Mean explained variance, indicated
by the black circles, as averaged across participants, for the reconstruction of data from one end-effector using the set of muscle synergies extracted from
the same or another end-effector. Upper vertical bars represent the standard deviation, lower vertical bars the standard error of the mean, and
colored dots represent data of individual participants
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the present findings showed that within and across
end-effectors muscle synergies could explain a consider-
able part of the variation in observed myosignals. Subse-
quent analyses showed in a three-step evaluation that the
exploitation of muscle synergies gradually changed across
end-effectors. First, the structure of individual muscle
synergies—i.e. the proportional activation levels of mus-
cles within a muscle synergy—gradually became more
dissimilar as the difference in end-effector length was
larger. Second, total muscle synergy sets from two
different end-effectors gradually spanned more distinct
subspaces as end-effectors differed more in length. More-
over, the ability of a total muscle synergy set from one
end-effector to explain myosignals from another
end-effector gradually decreased as a function of the dif-
ference in length of the end-effectors. Third, the order of
contribution of muscle synergies extracted from the
pooled dataset gradually reversed across end-effectors.
This change in the exploitation of muscle synergies across
end-effectors is in agreement with studies that observed
the use of different upper extremity muscle synergies
across conditions [41, 44, 48–50]. Such a changing
exploitation of muscle synergies across conditions could
indicate that the total pool of fixed muscle synergies rep-
resented at the spinal cord is larger than the set of fixed
muscle synergies that is used in every condition [48, 74].
It is suggested that from this total pool, the appropriate
set of fixed muscle synergies for a certain condition can be
selected to produce the required myosignals, which is the
core assumption of the fixed muscle synergy approach.
The question relevant for the control of myoelectric AT is
how muscle synergies can help in improving the intuitive
control of this AT.
On the implementation of muscle synergies to control
myoelectric AT for upper extremities
Depending on whether muscle synergies were extracted
from separate end-effectors or from the pooled dataset,
we found different numbers of muscle synergies that
could explain the myosignals. Therefore, we see two
different options for the implementation of the idea of
fixed muscle synergies to improve the intuitive control
of myoelectric AT for upper extremities. First, within a
limited set of movements—such as made within every
end-effector in our case—3-5 muscle synergies could
control a myoelectric assistive device that can be used
for this limited set of movements. Given the small num-
ber of control variables—e.g. the 3–5 muscle synergies—
such a device will have a rather direct relation between
the activation of these muscle synergies and the re-
stricted set of movements. Second, when interested to
control a device for a broader set of movements within a
Fig. 11 Position in contribution order for every end-effector for individual muscle synergies from the pooled dataset. Orders were ranked from 1
(most contributing) to 6–8 (least contributing)
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specific task, which allows for more flexibility, one could
use the expanded set of 6–8 muscle synergies. Given the
reversal of the contribution of these muscle synergies to
the observed movements across end-effectors, the acti-
vation of these 6–8 muscle synergies needs to be scaled
based on the movement that is intended to be pro-
duced—i.e. one should select the muscle synergies that
contribute most to the intended movement. Such a
control scheme resembles the idea presented above of
selecting a fixed muscle synergy from a total pool repre-
sented at the spinal cord.
Both implementation options presented here fit with
the concept of pattern recognition control (cf. [2, 75,
76]). In pattern recognition control, a software algorithm
detects combinations of features in a set of myosignals
and classifies them into one of the multiple possible ac-
tions of the actuators in the AT. To control such pattern
recognition based assistive devices, the user has to pro-
duce a certain movement such that the device can
recognize, and subsequently produce, the desired action
that is linked to this specific movement. Given the intui-
tive relation between pattern recognition control and the
fixed muscle synergy approach (cf. [77]), it might be that
the intuitive control of myoelectric AT can benefit from
the implementation of muscle synergies in a pattern
recognition control scheme. For instance, because the
opening and closing of the hand during healthy grabbing
actions can be correlated with different phases of the
transportation of the arm through space [78], the open-
ing and closing of a prosthetic hand might be linkable to
the patterns in myosignals—i.e. muscle synergies—dur-
ing this transportation. Such a link between the actions
performed with myoelectric AT and the muscle synergies
that are exploited during the healthy production of these
actions might improve the intuitive control of myoelec-
tric AT for upper extremities.
Previous work on the implementation of muscle syner-
gies to control of myoelectric AT has shown that muscle
synergies are suitable for force estimation, and thus
proportional control of myoelectric AT for upper
extremities [79, 80]. However, as muscle synergies do
not exceed the performance of myosignals of individual
muscles in classifying movements [80] or reconstructing
the movements of the end-effector [81, 82], the benefit
of using muscle synergies as compared to currently used
myosignals to control myoelectric AT is unclear. Fur-
thermore, in both myosignal and muscle synergy control,
considerable errors in classifying or reconstruction per-
formance are observed [80–82]. For instance, both myo-
signals of individual muscles and muscle synergies can
be used equally well to online control the movement of
a virtual object to reach a target location [82], yet both
Fig. 12 Kendall’s tau coefficients between the order of muscle synergy contribution of the different end-effectors. Every panel represents the
coefficients for the comparison of orders of one end-effector with the orders of all other end-effectors. Colored solid lines represent coefficients
including all participants, grey dashed lines represent coefficients per participant. Asterisks indicate coefficients including all participants
significantly different from zero
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types of control yield for considerable errors in task per-
formance. These results suggest that muscle synergies,
and maybe also myosignals, lack important information
that is used in the production of behavior—information
that is thus important for the intuitive control of myo-
electric AT (cf. [31, 83–85]). Therefore, we recommend
that future research should examine whether the actual
implementation of muscle synergies is beneficial for the
control of myoelectric AT for upper extremities.
Furthermore, both implementation options presented
here ground the potential of muscle synergies to im-
prove the intuitive control of myoelectric AT for upper
extremities on the specific set of movements within a
task that these muscle synergies can explain. Therefore,
it remains the question whether this potential can be
generalized to a broader set of movements and tasks.
The set of movements examined in the present task—i.e.
movements with different end-effectors—could be cap-
tured with a relatively limited number of 6–8 muscle
synergies. However, it is possible that—especially given
the relatively large change in muscle synergies within
the relatively small set of examined movements across
end-effectors—more muscle synergies are needed when
the set of movements is expanded to a wide range of
tasks. If indeed increasingly more muscle synergies are
needed to account for movements as produced in an in-
creasing number of tasks, it might be debatable i)
whether all these muscle synergies represent the use of
fixed muscle synergies from a pool in the spinal cord,
and ii) whether the idea of fixed muscle synergies is an
attractive approach to implement in the control scheme
of myoelectric AT that is ought to be used for a large
range of tasks.
Does the presence of muscle synergies originate from the
activation of neural networks?
Another issue can be raised concerning the interpret-
ation that muscle synergies as found in myosignals
originate from the activation of fixed neural networks. In
their studies on a cadaver arm and hand, Kutch &
Valero-Cuevas [86] suggested that the presence of
low-dimensional patterns in myosignals—i.e. muscle
synergies—does not necessarily imply the activation of a
fixed neural circuity—i.e. fixed muscle synergies. In this
study, myosignals were estimated via a neuromechanical
model based on i) measured forces acting on the cadaver
muscles after an external perturbation of the end-ef-
fector, and ii) externally applied forces on the cadaver
muscles to produce isometric forces in various directions
at the end-effector. Subsequently, a principal component
analysis showed a low-dimensional pattern in the
estimated myosignals. Thus, besides the possibility of
originating from neural circuitry, the presence of low-
dimensional patterns in myosignals can also emerge
from biomechanical—e.g. muscles that resist lengthen-
ing—and task constraints—e.g. direction of isometric
force produced at the end-effector [86].
This conceptual discussion on whether muscle syner-
gies as observed in myosignals originate from the activa-
tion of neural circuitry or emerge from biomechanical
and task constraints is relevant for the applicability of
muscle synergies to improve the intuitive control of
myoelectric AT. When applying muscle synergies to the
control of myoelectric AT, one needs to take into ac-
count that biomechanical and task constraints change
when myoelectric AT is used in different situations.
Given that these changing constraints affect the activa-
tion of muscles—for instance, muscles need to be acti-
vated differently depending on limb posture to produce
the same limb motion [87] and muscles perform differ-
ent roles in different contexts [88]—it is possible that
also muscle synergies as observed in myosignals change
on basis of these changing constraints. In fact, the grad-
ual change in the exploitation of muscle synergies as
found in the present study may have emerged from the
subtle differences in task constraints as induced by the
variation in end-effector length. Likewise, findings of the
exploitation of similar upper extremity muscle synergies
across conditions [38, 39, 43, 45] could have been the re-
sult of similarities in task constraints across these condi-
tions. For instance, the visuomotor adaption paradigm
as presented in Gentner et al. [45] required participants
to maintain end-effector movements in the same plane
of motion across conditions. These similarities in task
constraints could have resulted in similar arm move-
ments across conditions, hence explaining the findings
of similar muscle synergies. If i) the majority of muscle
synergies indeed emerges from biomechanical and task
constraints instead of from the activation of fixed neural
circuitry, and ii) observed muscle synergies change with
changing constraints, basing the control scheme of myo-
electric AT on muscle synergies that change with chan-
ging constraints might not a fruitful approach to pursue
when aiming to improve the intuitive control of myo-
electric AT.
Thus, following the discussion as presented in the
last two paragraphs, the answer to the question of
what the role of fixed muscle synergies is in the pro-
duction of myosignals is not straightforward (cf. [31,
81, 85, 89]). Given that the majority of participants ex-
hibited one or two muscle synergies that were shared
across at least three end-effectors, it seems reasonable
that some of the observed muscle synergies can be
captured in fixed neural networks. However, based on
the variation in the exploitation of the majority of
muscle synergies within the relatively limited set of
movements as examined in the present study, it is to
be examined whether the neuromotor system solely
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uses an organization of fixed muscle synergies to pro-
duce myosignals.
Alternatives for an intuitive control scheme for
myoelectric AT
In the remainder of this discussion, we address two pos-
sible alternatives for designing an intuitive interface be-
tween user and device. First, we think that, as mentioned
in the introduction, the intuitive control of myoelectric
AT will benefit most from the connection of its control to
principles that are already used by the neuromotor system
(cf. [28–31]). In trying to connect neuromotor control
principles to the control of myoelectric AT, it is important
to consider that the environment in which neuromotor
actions are conducted provides for perceptual information
that is relevant for the control of these actions. Thus,
considering the closing of the perception-action loop by
including perceptual information in the technology—of
which the lack also is assigned as a primary concern
among myoelectric AT users [17–21]—might be a vital
route in the improvement of the intuitive control of
myoelectric AT. In line with this idea, it has been shown
that providing feedback has beneficial effects on prosthesis
control [90–93], see for reviews [94, 95]. Therefore, we
underline the importance of future research towards
sensorimotor control principles and their link to the
intuitive control of myoelectric AT for upper extremities.
Second, it is suggested that the displacement of con-
trol from muscles to neurons might help for the im-
provement of the intuitive control of AT. Over the last
years, several routes in this endeavor have already been
taken, e.g. redirecting remaining parts of nerves to
remaining muscles [75, 96–98], and using discharges of
individual spinal motoneurons [99–101] and of neurons
in the motor cortex [102–104] to control the AT. How-
ever, to apply this technology in a general context—as
an ideal assistive device ought to be designed—present
technology requires that a systematic pattern can be
recognized in the observed neural activity. Since we
found variability in myosignal patterns—i.e. muscle
synergies that varied across end-effectors—it is to be
expected that also patterns in this neural activity will
vary across conditions. Therefore, the same issues as
raised above on the extent to which muscle synergies
can be used in a general way to control myoelectric AT
apply on the use of neural drive to control this AT.
Following this rationale, arguably the design of the present
neural approach is left with technology that might only be
applied in a task- or condition-specific sense.
Limitations
Although the present study examined the potential of
fixed muscle synergies to improve patient’s intuitive
control of myoelectric AT for upper extremities, such
AT, nor patients, were included in the experiment.
Nevertheless, we think that the used experimental set-up
related well enough with the use of myoelectric AT, as
the manipulation of end-effectors induced the different
use of muscles for the task, as is required during the
control of myoelectric AT. Furthermore, by including
only healthy subjects into the protocol, the present study
could examine the systematic exploitation of muscle
synergies in the absence of confounding factors resulting
from the actual use of myoelectric AT—such as its alter-
nated feedback system and influence on dynamics of
task performance. Thus, the present study offered an en-
trance to gain knowledge purely about the potential of
the fixed muscle synergy approach to improve the intui-
tive control of myoelectric AT for upper extremities.
Furthermore, the relatively small sample size could be
a limitation of the present study. Yet, our sample size
falls in the range of number of participants used in other
studies examining muscle synergies. Moreover, the
direction of the effects was systematic across participants.
Therefore, we do not expect differences in the results as
reported in the present study if more participants would
have been included.
Conclusion
The present study demonstrated that a limited number
of muscle synergies was systematically exploited during
the production of myosignals in point-to-point move-
ments with different end-effectors. This result indicated
a potential for employing the fixed muscle synergy ap-
proach to improve the intuitive control of myoelectric
AT for upper extremities for the set of movements
within the examined task. It remains the question
whether this potential can be extended to a larger range
of movements and tasks. Future research should be
aimed at examining the fixed character of muscle syner-
gies as well as the generalization of the potential of the
fixed muscle synergy approach to improve the intuitive
control of myoelectric AT for upper extremities. This
examination will be important to improve the intuitive
control of assistive devices and, in broader terms, rehabili-
tation practice.
Abbreviations
AT: Assistive technology; BIL: Long head of the biceps brachii; BIS: Short head of
the biceps brachii; BRA: Brachialis; BRO: Brachioradialis; CPA: Cosine of principle
angles; DEA: Anterior part of the deltoid; DEM: Middle part of the deltoid;
DEP: Posterior part of the deltoid; ECR: Extensor carpi radialis; ECU: Extensor
carpi ulnaris; EMG: Electromyography; FCR: Flexor carpi radialis; FCU: Flexor
carpi ulnaris; INF: Infraspinatus; LAT: Latissimus dorsi; LED: Light-emitting
diode; NDP: Normalized dot product; PEC: Pectoralis major; PRO: Pronator
teres; R2: Explained variance; SSE: Sum of squared errors; SST: Sum of squared
residuals; TER: Teres major; TRI: Inferior part of the trapezius; TRLa: Lateral head
of the triceps brachii; TRLo: Long head of the triceps brachii; TRM: Medial part
of the trapezius; TRMe: Medial head of the triceps brachii; TRS: Superior part of
the trapezius
Valk et al. Journal of NeuroEngineering and Rehabilitation            (2019) 16:6 Page 17 of 20
Acknowledgments
The authors wish to thank Inge Tuitert and Laura Golenia for fruitful discussions
during the writing process, Emyl Smid and Dirk van der Meer for their technical




Availability of data and materials
The dataset generated and analyzed during the present study is available in
the Figshare repository, https://doi.org/10.6084/m9.figshare.2008767.
Authors’ contributions
TAV, LJM, and RMB designed the study. TAV conducted the experiment and
performed the analysis. TAV and RMB wrote the programs to run the data
analysis. TAV, LJM, and RMB interpreted the results. TAV, LJM, EO, and RMB
wrote the manuscript and approved the final version of the paper.
Ethics approval and consent to participate
The ethics committee of the Center of Human Movement Sciences, University
Medical Center Groningen, gave, on the basis of the declarations of Helsinki, their
consent for conducting the present study. Before the start of the experiment,
participants read and signed an informed consent.
Consent for publication
Before the start of the experiment, participants gave consent for publication
of the data as acquired in the present study by signing an informed consent
form.
Competing interests
The authors declare that they have no competing interests.
Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in published
maps and institutional affiliations.
Received: 27 April 2018 Accepted: 5 December 2018
References
1. Light CM, Chappell PH, Hudgins B, Engelhart K. Intelligent multifunction
myoelectric control of hand prostheses. J Med Eng Technol. 2002;26:139–46.
https://doi.org/10.1080/03091900210142459.
2. Scheme E, Englehart K. Electromyogram pattern recognition for control
of powered upper-limb prostheses: state of the art and challenges for
clinical use. J Rehabil Res Dev. 2011;48:643. https://doi.org/10.1682/JRRD.
2010.09.0177.
3. Geethanjali P. Myoelectric control of prosthetic hands: state-of-the-art
review. Med Devices Evid Res. 2016;9:247–55. https://doi.org/10.2147/
MDER.S91102.
4. Moon I, Lee M, Chu J, Mun M. Wearable EMG-based HCI for electric-
powered wheelchair users with motor disabilities. In: Proceedings of the
2005 IEEE International Conference on Robotics and Automation: IEEE; 2005.
p. 2649–54. https://doi.org/10.1109/ROBOT.2005.1570513.
5. Oonishi Y, Sehoon O, Hori Y. A new control method for power-assisted
wheelchair based on the surface myoelectric signal. IEEE Trans Ind Electron.
2010;57:3191–6. https://doi.org/10.1109/TIE.2010.2051931.
6. Kundu AS, Mazumder O, Lenka PK, Bhaumik S. Omnidirectional assistive
wheelchair: design and control with isometric myoelectric based intention
classification. Procedia Comput Sci. 2016;2017(105):68–74. https://doi.org/10.
1016/j.procs.2017.01.200.
7. Mulas M, Folgheraiter M, Gini G. An EMG-Controlled Exoskeleton for
Hand Rehabilitation. In: 9th International Conference on Rehabilitation
Robotics, 2005: ICORR 2005. IEEE; 2005. p. 371–4. https://doi.org/10.1109/ICORR.
2005.1501122.
8. Ferris DP, Lewis CL. Robotic lower limb exoskeletons using proportional
myoelectric control. In: 2009 Annual International Conference of the
IEEE Engineering in Medicine and Biology Society: IEEE; 2009. p. 2119–24.
https://doi.org/10.1109/IEMBS.2009.5333984.
9. Tang Z, Zhang K, Sun S, Gao Z, Zhang L, Yang Z. An upper-limb power-
assist exoskeleton using proportional myoelectric control. Sensors. 2014;14:
6677–94. https://doi.org/10.3390/s140406677.
10. Ferris DP, Gordon KE, Sawicki GS, Peethambaran A. An improved powered
ankle–foot orthosis using proportional myoelectric control. Gait Posture.
2006;23:425–8. https://doi.org/10.1016/j.gaitpost.2005.05.004.
11. Sawicki GS, Ferris DP. A pneumatically powered knee-ankle-foot orthosis
(KAFO) with myoelectric activation and inhibition. J Neuroeng Rehabil. 2009;
6:23. https://doi.org/10.1186/1743-0003-6-23.
12. Saponas TS, Tan DS, Morris D, Balakrishnan R. Demonstrating the feasibility
of using forearm electromyography for muscle-computer interfaces. In:
Proceeding of the twenty-sixth annual CHI conference on Human factors in
computing systems - CHI ‘08. New York, New York, USA: ACM Press; 2008. p.
515. https://doi.org/10.1145/1357054.1357138.
13. Farry KA, Walker ID, Baraniuk RG. Myoelectric teleoperation of a complex
robotic hand. IEEE Trans Robot Autom. 1996;12:775–88. https://doi.org/10.
1109/70.538982.
14. Artemiadis PK, Kyriakopoulos KJ. EMG-based teleoperation of a robot arm in
planar catching movements using ARMAX model and trajectory monitoring
techniques. In: Proceedings 2006 IEEE International Conference on Robotics
and Automation, 2006: ICRA 2006. IEEE; 2006. p. 3244–9. https://doi.org/10.
1109/ROBOT.2006.1642196.
15. Artemiadis PK, Kyriakopoulos KJ. An EMG-based robot control Scheme
robust to time-varying EMG signal features. IEEE Trans Inf Technol Biomed.
2010;14:582–8. https://doi.org/10.1109/TITB.2010.2040832.
16. Vogel J, Bayer J, van der Smagt P. Continuous robot control using surface
electromyography of atrophic muscles. In: 2013 IEEE/RSJ International
Conference on Intelligent Robots and Systems: IEEE; 2013. p. 845–50.
https://doi.org/10.1109/IROS.2013.6696449.
17. Biddiss E, Chau T. Upper-limb prosthetics. Am J Phys Med Rehabil. 2007;86:
977–87. https://doi.org/10.1097/PHM.0b013e3181587f6c.
18. Biddiss E, Beaton D, Chau T. Consumer design priorities for upper limb
prosthetics. Disabil Rehabil Assist Technol. 2007;2:346–57. https://doi.org/10.
1080/17483100701714733.
19. McFarland LV, Winkler SLH, Heinemann AW, Jones M, Esquenazi A.
Unilateral upper-limb loss: satisfaction and prosthetic-device use in veterans
and servicemembers from Vietnam and OIF/OEF conflicts. J Rehabil Res
Dev. 2010;47:299. https://doi.org/10.1682/JRRD.2009.03.0027.
20. Østlie K, Lesjø IM, Franklin RJ, Garfelt B, Skjeldal OH, Magnus P. Prosthesis
use in adult acquired major upper-limb amputees: patterns of wear,
prosthetic skills and the actual use of prostheses in activities of daily life.
Disabil Rehabil Assist Technol. 2012;7:479–93. https://doi.org/10.3109/
17483107.2011.653296.
21. Engdahl SM, Christie BP, Kelly B, Davis A, Chestek CA, Gates DH. Surveying
the interest of individuals with upper limb loss in novel prosthetic control
techniques. J Neuroeng Rehabil. 2015;12:53. https://doi.org/10.1186/s12984-
015-0044-2.
22. Kyberd PJ, Holland OE, Chappell PH, Smith S, Tregidgo R, Bagwell PJ, et
al. MARCUS: a two degree of freedom hand prosthesis with hierarchical
grip control. IEEE Trans Rehabil Eng. 1995;3:70–6. https://doi.org/10.
1109/86.372895.
23. Castellini C, Artemiadis P, Wininger M, Ajoudani A, Alimusaj M, Bicchi A, et
al. Proceedings of the first workshop on peripheral machine interfaces:
going beyond traditional surface electromyography. Front Neurorobot.
2014;8:1–17. https://doi.org/10.3389/fnbot.2014.00022.
24. Castellini C, Bongers RM, Nowak M, van der Sluis CK. Upper-limb prosthetic
Myocontrol: two recommendations. Front Neurosci. 2016;9:1–4. https://doi.org/
10.3389/fnins.2015.00496.
25. Englehart K, Hudgins B. A robust, real-time control scheme for multifunction
myoelectric control. IEEE Trans Biomed Eng. 2003;50:848–54. https://doi.org/
10.1109/TBME.2003.813539.
26. Peerdeman B, Boere D, Witteveen H, in ‘t Veld RH, Hermens H, Stramigioli S, et al.
Myoelectric forearm prostheses: State of the art from a user-centered perspective.
J Rehabil Res Dev. 2011;48:719. https://doi.org/10.1682/JRRD.2010.08.0161.
27. Fang Y, Hettiarachchi N, Zhou D, Liu H. Multi-modal sensing techniques for
interfacing hand prostheses: a review. IEEE Sensors J. 2015;15:6065–76.
https://doi.org/10.1109/JSEN.2015.2450211.
28. Reinkensmeyer DJ, Burdet E, Casadio M, Krakauer JW, Kwakkel G, Lang CE,
et al. Computational neurorehabilitation: modeling plasticity and learning to
predict recovery. J Neuroeng Rehabil. 2016;13:42. https://doi.org/10.1186/
s12984-016-0148-3.
Valk et al. Journal of NeuroEngineering and Rehabilitation            (2019) 16:6 Page 18 of 20
29. Shadmehr R, Krakauer JW. A computational neuroanatomy for motor
control. Exp Brain Res. 2008;185:359–81.
30. Huang VS, Krakauer JW. Robotic neurorehabilitation: a computational motor
learning perspective. J Neuroeng Rehabil. 2009;6:5. https://doi.org/10.1186/
1743-0003-6-5.
31. Valero-Cuevas FJ, Santello M. On neuromechanical approaches for the study
of biological and robotic grasp and manipulation. J Neuroeng Rehabil. 2017;
14:101. https://doi.org/10.1186/s12984-017-0305-3.
32. Tresch MC, Saltiel P, Bizzi E. The construction of movement by the spinal
cord. Nat Neurosci. 1999;2:162–7. https://doi.org/10.1038/5721.
33. Bizzi E, D’Avella A, Saltiel P, Tresch M. Book review: modular Organization of
Spinal Motor Systems. Neurosci. 2002;8:437–42. https://doi.org/10.1177/
107385802236969.
34. d’Avella A, Saltiel P, Bizzi E. Combinations of muscle synergies in the
construction of a natural motor behavior. Nat Neurosci. 2003;6:300–8.
https://doi.org/10.1038/nn1010.
35. Bizzi E, Cheung VCK, d’Avella A, Saltiel P, Tresch M. Combining modules for
movement. Brain Res Rev. 2008;57:125–33.
36. Bizzi E, Cheung VCK. The neural origin of muscle synergies. Front Comput
Neurosci. 2013;7:51. https://doi.org/10.3389/fncom.2013.00051.
37. d’Avella A, Lacquaniti F. Control of reaching movements by muscle synergy
combinations. Front Comput Neurosci. 2013;7:42. https://doi.org/10.3389/
fncom.2013.00042.
38. d’Avella A, Portone A, Fernandez L, Lacquaniti F. Control of fast-reaching
movements by muscle synergy combinations. J Neurosci. 2006;26:7791–810.
https://doi.org/10.1523/JNEUROSCI.0830-06.2006.
39. d’Avella A, Fernandez L, Portone A, Lacquaniti F. Modulation of phasic and
tonic muscle synergies with reaching direction and speed. J Neurophysiol.
2008;100:1433–54. https://doi.org/10.1152/jn.01377.2007.
40. d’Avella A, Portone A, Lacquaniti F. Superposition and modulation of
muscle synergies for reaching in response to a change in target location. J
Neurophysiol. 2011;106:2796–812. https://doi.org/10.1152/jn.00675.2010.
41. Roh J, Rymer WZ, Perreault EJ, Yoo SB, Beer RF. Alterations in upper limb
muscle synergy structure in chronic stroke survivors. J Neurophysiol. 2013;
109:768–81. https://doi.org/10.1152/jn.00670.2012.
42. Russo M, D’Andola M, Portone A, Lacquaniti F, D’Avella A. Dimensionality of
joint torques and muscle patterns for reaching. Front Comput Neurosci.
2014;8:24. https://doi.org/10.3389/fncom.2014.00024.
43. Coscia M, Cheung VC, Tropea P, Koenig A, Monaco V, Bennis C, et al.
The effect of arm weight support on upper limb muscle synergies during
reaching movements. J Neuroeng Rehabil. 2014;11:22. https://doi.org/10.
1186/1743-0003-11-22.
44. Roh J, Rymer WZ, Beer RF. Evidence for altered upper extremity muscle
synergies in chronic stroke survivors with mild and moderate impairment.
Front Hum Neurosci. 2015;9:6. https://doi.org/10.3389/fnhum.2015.00006.
45. Gentner R, Edmunds T, Pai DK, D’Avella A. Robustness of muscle synergies
during visuomotor adaptation. Front Comput Neurosci. 2013;7:12. https://
doi.org/10.3389/fncom.2013.00120.
46. Berger DJ, Gentner R, Edmunds T, Pai DK, D’Avella A. Differences in
adaptation rates after virtual surgeries provide direct evidence for
modularity. J Neurosci. 2013;33:12384–94. https://doi.org/10.1523/
JNEUROSCI.0122-13.2013.
47. Muceli S, Boye AT, D’Avella A, Farina D. Identifying representative synergy
matrices for describing muscular activation patterns during multidirectional
reaching in the horizontal plane. J Neurophysiol. 2010;103:1532–42. https://
doi.org/10.1152/jn.00559.2009.
48. Muceli S, Falla D, Farina D. Reorganization of muscle synergies during
multidirectional reaching in the horizontal plane with experimental
muscle pain. J Neurophysiol. 2014;111:1615–30. https://doi.org/10.1152/
jn.00147.2013.
49. Tropea P, Monaco V, Coscia M, Posteraro F, Micera S. Effects of early and
intensive neuro-rehabilitative treatment on muscle synergies in acute post-
stroke patients: a pilot study. J Neuroeng Rehabil. 2013;10:103. https://doi.
org/10.1186/1743-0003-10-103.
50. Cheung VCK, Turolla A, Agostini M, Silvoni S, Bennis C, Kasi P, et al.
Muscle synergy patterns as physiological markers of motor cortical
damage. Proc Natl Acad Sci. 2012;109:14652–6. https://doi.org/10.1073/
pnas.1212056109.
51. Ivanenko YP, Cappellini G, Dominici N, Poppele RE, Lacquaniti F. Modular
control of limb movements during human locomotion. J Neurosci. 2007;27:
11149–61. https://doi.org/10.1523/JNEUROSCI.2644-07.2007.
52. Chvatal SA, Ting LH. Voluntary and reactive recruitment of locomotor
muscle synergies during perturbed walking. J Neurosci. 2012;32:12237–50.
https://doi.org/10.1523/JNEUROSCI.6344-11.2012.
53. Zelik KE, La Scaleia V, Ivanenko YP, Lacquaniti F. Can modular
strategies simplify neural control of multidirectional human locomotion?
J Neurophysiol. 2014;111:1686–702. https://doi.org/10.1152/jn.00776.2013.
54. Ting LH, Macpherson JM. A limited set of muscle synergies for force control
during a postural task. J Neurophysiol. 2005;93:609–13. https://doi.org/10.
1152/jn.00681.2004.
55. Torres-Oviedo G, Ting LH. Muscle synergies characterizing human postural
responses. J Neurophysiol. 2007;98:2144–56. https://doi.org/10.1152/jn.01360.2006.
56. Torres-Oviedo G, Ting LH. Subject-specific muscle synergies in human
balance control are consistent across different biomechanical contexts.
J Neurophysiol. 2010;103:3084–98. https://doi.org/10.1152/jn.00960.2009.
57. Cruse H, Wischmeyer E, Brüwer M, Brockfeld P, Dress A. On the cost
functions for the control of the human arm movement. Biol Cybern. 1990;
62:519–28. https://doi.org/10.1007/BF00205114.
58. Dean J, Brüwer M. Control of human arm movements in two dimensions:
influence of pointer length on obstacle avoidance. J Mot Behav. 1997;29:47–63.
https://doi.org/10.1080/00222899709603469.
59. Valk TA, Mouton LJ, Bongers RM. Joint-angle coordination patterns ensure
stabilization of a body-plus-tool system in point-to-point movements with a
rod. Front Psychol. 2016;7. https://doi.org/10.3389/fpsyg.2016.00826.
60. van Andel CJ, Wolterbeek N, Doorenbosch CAM, Veeger HEJ, Harlaar J.
Complete 3D kinematics of upper extremity functional tasks. Gait Posture.
2008;27:120–7. https://doi.org/10.1016/j.gaitpost.2007.03.002.
61. Kendall FP, McCreary EK, Patricia GP, Rodgers MM, Romani WA. Muscles:
testing and function with posture and pain. 5th ed. Baltimore: Lippincott
Williams & Wilkins; 2005.
62. Wu G, van der Helm FCT, Veeger HEJ, Makhsous M, Van Roy P, Anglin C,
et al. ISB recommendation on definitions of joint coordinate systems of
various joints for the reporting of human joint motion—part II: shoulder,
elbow, wrist and hand. J Biomech. 2005;38:981–92. https://doi.org/10.1016/j.
jbiomech.2004.05.042.
63. Seung HS, Lee DD. Algorithms for non-negative matrix factorization.
In: Advances in Neural Information Processing Systems; 2001. p. 556–62.
64. Cheung VCK, d’Avella A, Tresch MC, Bizzi E. Central and sensory
contributions to the activation and Organization of Muscle Synergies during
natural motor behaviors. J Neurosci. 2005;25:6419–34. https://doi.org/10.
1523/JNEUROSCI.4904-04.2005.
65. Cheung VCK, Piron L, Agostini M, Silvoni S, Turolla A, Bizzi E. Stability of muscle
synergies for voluntary actions after cortical stroke in humans. Proc Natl Acad Sci.
2009;106:19563–8. https://doi.org/10.1073/pnas.0910114106.
66. Roh J, Cheung VC-KK, Bizzi E. Modules in the brain stem and spinal cord
underlying motor behaviors. J Neurophysiol. 2011;106:1363–78. https://doi.
org/10.1152/jn.00842.2010.
67. Hartigan JA, Wong MA. Algorithm AS 136: a K-means clustering algorithm.
Appl Stat. 1979;28:100. https://doi.org/10.2307/2346830.
68. Saltiel P, Wyler-Duda K, D’Avella A, Tresch MC, Bizzi E. Muscle synergies
encoded within the spinal cord: evidence from focal Intraspinal NMDA
iontophoresis in the frog. J Neurophysiol. 2001;85:605–19. https://doi.org/10.
1152/jn.2001.85.2.605.
69. Kim Y, Bulea TC, Damiano DL. Novel methods to enhance precision and
reliability in muscle synergy identification during walking. Front Hum
Neurosci. 2016;10:1–12. https://doi.org/10.3389/fnhum.2016.00455.
70. Golub GH, Van Loan CF. Matrix computations. 3rd ed. London: The Johns
Hopkins University Press; 1996.
71. Olejnik S, Algina J. Generalized eta and omega squared statistics: measures
of effect size for some common research designs. Psychol Methods. 2003;8:
434–47. https://doi.org/10.1037/1082-989X.8.4.434.
72. Bakeman R. Recommended effect size statistics for repeated measures
designs. Behav Res Methods. 2005;37:379–84.
73. Cohen J. Statistical power analysis for the behavioral sciences. 2nd ed.
New York: Routledge; 1988. https://doi.org/10.4324/9780203771587.
74. d’Avella A, Bizzi E. Shared and specific muscle synergies in natural motor
behaviors. Proc Natl Acad Sci. 2005;102:3076–81. https://doi.org/10.1073/
pnas.0500199102.
75. Li G, Schultz AE, Kuiken TA. Quantifying pattern recognition—based
myoelectric control of multifunctional Transradial prostheses. IEEE Trans
Neural Syst Rehabil Eng. 2010;18:185–92. https://doi.org/10.1109/TNSRE.
2009.2039619.
Valk et al. Journal of NeuroEngineering and Rehabilitation            (2019) 16:6 Page 19 of 20
76. Tkach D, Huang H, Kuiken TA. Study of stability of time-domain features for
electromyographic pattern recognition. J Neuroeng Rehabil. 2010;7:21.
https://doi.org/10.1186/1743-0003-7-21.
77. Bongers RM, Kyberd PJ, Bouwsema H, Kenney LPJ, Plettenburg DH, Van der
Sluis CK. Bernstein’s levels of construction of movements applied to upper
limb prosthetics. JPO J Prosthetics Orthot. 2012;24:67–76. https://doi.org/10.
1097/JPO.0b013e3182532419.
78. Jeannerod M. The timing of natural Prehension movements. J Mot Behav.
1984;16:235–54. https://doi.org/10.1080/00222895.1984.10735319.
79. Atoufi B, Kamavuako EN, Hudgins B, Englehart K. Toward proportional
control of myoelectric prostheses with muscle synergies. J Med Biol Eng.
2014;34:475. https://doi.org/10.5405/jmbe.1694.
80. Atoufi B, Kamavuako EN, Hudgins B, Englehart K. Classification of hand and
wrist tasks of unknown force levels using muscle synergies. In: 2015 37th
Annual International Conference of the IEEE Engineering in Medicine and
Biology Society (EMBC): IEEE; 2015. p. 1663–6. https://doi.org/10.1109/EMBC.
2015.7318695.
81. de Rugy A, Loeb GE, Carroll TJ. Are muscle synergies useful for neural
control? Front Comput Neurosci. 2013;7:19. https://doi.org/10.3389/fncom.
2013.00019.
82. Berger DJ, D’Avella A. Effective force control by muscle synergies. Front
Comput Neurosci. 2014;8:1–13. https://doi.org/10.3389/fncom.2014.00046.
83. Antuvan CW, Ison M, Artemiadis P. Embedded human control of robots
using myoelectric interfaces. IEEE Trans Neural Syst Rehabil Eng. 2014;22:
820–7. https://doi.org/10.1109/TNSRE.2014.2302212.
84. Ison M, Artemiadis P. The role of muscle synergies in myoelectric control:
trends and challenges for simultaneous multifunction control. J Neural Eng.
2014;11:051001. https://doi.org/10.1088/1741-2560/11/5/051001.
85. Brock O, Valero-Cuevas F. Transferring synergies from neuroscience to
robotics. Phys Life Rev. 2016;17:27–32. https://doi.org/10.1016/j.plrev.
2016.05.011.
86. Kutch JJ, Valero-Cuevas FJ. Challenges and new approaches to proving the
existence of muscle synergies of neural origin. PLoS Comput Biol. 2012;8:
e1002434. https://doi.org/10.1371/journal.pcbi.1002434.
87. Turvey MT, Fitch HL, Tuller B. The Bernstein perspective: I. the problems of
degrees of freedom and context-conditions variability. In: Kelso JAS, editor.
Human motor behavior: an introduction. Hillsdale, NJ: Lawrence Erlbaum
Associates; 1982. p. 239–52.
88. Dickinson MH, Farley CT, Full RJ, Koehl MAR, Kram R, Lehman S. How
animals move: an integrative view. Science. 2000;288:100–6. https://doi.org/
10.1126/science.288.5463.100.
89. de Rugy A, Loeb GE, Carroll TJ. Muscle coordination is habitual rather than
optimal. J Neurosci. 2012;32:7384–91. https://doi.org/10.1523/JNEUROSCI.
5792-11.2012.
90. Dhillon GS, Horch KW. Direct neural sensory feedback and control of
a prosthetic arm. IEEE Trans Neural Syst Rehabil Eng. 2005;13:468–72.
https://doi.org/10.1109/TNSRE.2005.856072.
91. Shehata AW, Scheme EJ, Sensinger JW. The effect of myoelectric
prosthesis control strategies and feedback level on adaptation rate for
a target acquisition task. In: 2017 International Conference on
Rehabilitation Robotics (ICORR): IEEE; 2017. p. 200–4. https://doi.org/10.
1109/ICORR.2017.8009246.
92. Raveh E, Portnoy S, Friedman J. Adding vibrotactile feedback to a myoelectric-
controlled hand improves performance when online visual feedback is
disturbed. Hum Mov Sci. 2018;58:32–40. https://doi.org/10.1016/j.humov.2018.
01.008.
93. Markovic M, Schweisfurth MA, Engels LF, Bentz T, Wüstefeld D, Farina D,
et al. The clinical relevance of advanced artificial feedback in the control of
a multi-functional myoelectric prosthesis. J Neuroeng Rehabil. 2018;15:28.
https://doi.org/10.1186/s12984-018-0371-1.
94. Antfolk C, D’Alonzo M, Rosén B, Lundborg G, Sebelius F, Cipriani C. Sensory
feedback in upper limb prosthetics. Expert Rev Med Devices. 2013;10:45–54.
https://doi.org/10.1586/erd.12.68.
95. Stephens-Fripp B, Alici G, Mutlu R. A review of non-invasive sensory
feedback methods for Transradial prosthetic hands. IEEE Access. 2018;6:
6878–99. https://doi.org/10.1109/ACCESS.2018.2791583.
96. Kuiken TA, Dumanian GA, Lipschutz RD, Miller LA. The use of targeted
muscle reinnervation for improved myoelectric prosthesis control in a
bilateral shoulder disarticulation amputee. Prosthetics Orthot Int. 2004;28:
245–53.
97. Kuiken TA, Li G, Lock BA, Lipschutz RD, Miller LA, Stubblefield KA, et al.
Targeted muscle Reinnervation for real-time myoelectric control of
multifunction artificial arms. JAMA. 2009;301:619–28. https://doi.org/10.1001/
jama.2009.116.
98. Miller LA, Stubblefield KA, Lipschutz RD, Lock BA, Kuiken TA. Improved
myoelectric prosthesis control using targeted Reinnervation surgery: a case
series. IEEE Trans Neural Syst Rehabil Eng. 2008;16:46–50. https://doi.org/10.
1109/TNSRE.2007.911817.
99. Farina D, Holobar A. Characterization of human motor units from surface
EMG decomposition. Proc IEEE. 2016;104:353–73.
100. Farina D, Castronovo AM, Vujaklija I, Sturma A, Salminger S, Hofer C, et al.
Common synaptic input to motor neurons and neural drive to targeted
Reinnervated muscles. J Neurosci. 2017;37:11285–92. https://doi.org/10.
1523/JNEUROSCI.1179-17.2017.
101. Farina D, Vujaklija I, Sartori M, Kapelner T, Negro F, Jiang N, et al.
Man/machine interface based on the discharge timings of spinal motor
neurons after targeted muscle reinnervation. Nat Biomed Eng. 2017;1:0025.
https://doi.org/10.1038/s41551-016-0025.
102. McFarland DJ, Wolpaw JR. Brain-computer Interface operation of robotic
and prosthetic devices. Computer (Long Beach Calif). 2008;41:52–6.
https://doi.org/10.1109/MC.2008.409.
103. Bell CJ, Shenoy P, Chalodhorn R, Rao RPN. Control of a humanoid robot
by a noninvasive brain–computer interface in humans. J Neural Eng.
2008;5:214–20. https://doi.org/10.1088/1741-2560/5/2/012.
104. Hochberg LR, Bacher D, Jarosiewicz B, Masse NY, Simeral JD, Vogel J, et al.
Reach and grasp by people with tetraplegia using a neurally controlled
robotic arm. Nature. 2012;485:372–5. https://doi.org/10.1038/nature11076.
Valk et al. Journal of NeuroEngineering and Rehabilitation            (2019) 16:6 Page 20 of 20
